LIVER being a vital organ, liver diseases pose a life threat to human beings. Computer-aided liver diagnosis and analysis is a technique for the automatic detection of tumour, and an alternative tool for radiologists to identify diseases accurately in such a way to reduce liver surgery. The computer-aided liver tissue classification system consists of the segmentation of liver lesion from the database, extraction of features from a lesion, and characterization or classification of liver diseases using a classifier. To improve the performance of CAD systems, various segmentation methods and classifier systems have been proposed by many authors. The classification of liver tissues from abdominal Computed Tomography (CT) images using moments features is the focus of this communication. The various methods are analysed and the results are summarized. The direction for future work is also discussed.
In recent times, computer-aided analysis and processing of medical images is an active research field. The pixel intensities of medical images are not smooth and uniform. However, the images are homogeneous and exhibit patterns. Therefore, texture plays an important role in the processing of these images. The texture analysis based techniques has been developed over several years. Haralick et al. 1 proposed GLCM texture features for classification of images. Tamura et al. 2 expanded texture representation in different angle.
Moments represent global features which are widely used in the application of image processing. Moments' features are able to distinguish different types of images. Since Hu 3 proposed image analysis using moments, Tuceryan 4 , and Bigűn and Hans du Buf 5 have focused on geometric moments and complex moments for texture feature extraction and segmentation respectively. The redundant information is available in both geometric and complex moments which are sensitive to noise. To reduce noise, Teague 6 used orthogonal moments like Zernike moments and Legendre moments in image analysis. Orthogonal moments are shown to be less sensitive to noise and have an efficient capability in feature representation [4] [5] [6] . Orthogonal moments allow the reconstruction of an image intensity function analytically from a finite set of moments using inverse moment transform. But Legendre and Zernike moments are most widely used because of minimum redundancy.
In the last decade, various liver based classification systems have been developed. Chen et al. 7 derived features from NFB motion model and co-occurrence matrix such as homogeneity, contrast, entropy and energy to analyse the texture characteristics of liver images. Lee et al. 8 proposed that the multiscale support vector machine (SVM) is used to classify the liver cyst, hepatoma and hemangioma with the average accuracy 91% and proved that efficient result is obtained using SVM. Kumar and Moni 9 developed a CAD of liver disease based on multiresolution fast discrete curvelet transform which significantly improves classification rate of CT liver. Gunasundari and Suganya Ananthi 10 proposed that Fast Discrete Curvelet Transform yields better result for liver tumor classification from CT dataset automatically and achieves 96% accuracy using neural network classifier.
The conventional classification of liver images consists of (i) segmentation of normal and abnormal liver of lesion portion from CT liver images; (ii) feature extraction and selection, and (iii) classification. In the proposed approach, as a first step, liver tissues such as normal parenchyma (NP) and hepatocellularcarcinoma (HCC) are segmented from arterial phase spiral CT images. In the second step, features are extracted by local binary pattern (LBP) 11, 12 , Legendre moments [13] [14] [15] [16] and combined methods. Then the relevant features are selected using sequential feature selection algorithm to reduce the number of features. Finally Euclidean distance is used for classification and images are classified as either normal or abnormal. In this communication, we discuss texture classification of CT liver images using Legendre moments based approach. Figure 1 shows the framework of the proposed approach. The steps involved in the proposed approach are as follows:
 CT liver images of NP and with HCC with a resolution of 256 grey levels and 512  512 pixel size are collected from the local diagnostic laboratory.  To detect small-sized tumours, region of interest (ROI) images are partitioned into 8  8 non-overlapping segments and then processed.
 The LBP approach is applied on the processed 8  8 non-overlapping segments and converted to LBP images.
 Legendre moments are applied to extract the texture features and form the feature database, and sequential forward selection algorithm is applied to select the appropriate texture features.
 Finally images are classified using the Euclidean distance classifier and nearest neighbourhood minimum distance decision rule.
In this study, the arterial phase scan of spiral CT abdomen image contains NP and abnormal liver with HCC has been used. A total of 197 ROIs have been sampled, 77 samples belongs to HCC with abnormality and 125 samples belong to healthy normal liver. Figure 2 shows the sample images of spiral CT abdomen delineated ROI portion of NP and HCC liver tissues. ROIs are extracted from these images. ROI images are partitioned into 8  8 non-overlapping segments to localized tiny abnormalities. Table 1 shows the image datasets.
Among various texture descriptors, the LBP operator is efficient. It labels the pixels of an image threshold by the neighbourhood of each pixel with the value of the centre pixel and produces the result as a binary number. The LBP method is a complementary measure for local image contrast and texture features are extracted. The LBP value is computed as 
The LBP approach defined in eqs (1) and (2) is applied on the ROI extracted images of normal parenchyma and HCC liver and Figures 3 and 4 show the resultant images respectively. Legendre moments belong to the class of continuous orthogonal moments based on Legendre polynomial. By the orthogonality principle, the Legendre moments for a digital image of pixel size N  N are defined as
where the functions P p (x i ) and P q (y j ) represent the Legendre polynomials of order p and q respectively. 1, where the Legendre polynomial is defined as
with |x i |  1 and (p -k) being even. The steps involved in classification algorithm are as follows:
1. The Legendre moments for the database images, i.e.
ROI extracted LBP images are computed using eqs (3)- (5) to form the feature database. ,
where N is the number of training samples.
A feature vector comprising Legendre moments of order (p + q) for the query image is formulated
5. Distance measure between the feature vector of the query image ( f q ) and each feature vector of the database images ( f db ) is calculated using Euclidean distance
where n is the number of features, Q i the query image and D i the database image.
6. All the relevant images are classified to their corresponding classes based on the nearest minimum distance value.
In this experimental study, 450 ROI samples (200 ROIs of HCC and 250 ROIs of NP) of CT liver images are selected from the arterial phase of CT liver abdomen.
There are 600 segments (number of 8  8 segments) are formed from each tissue type of the chosen. From these 600 segments, 300 were selected randomly as training set and the remaining 300 segments are testing set (NP and HCC liver). All the experiments have been implemented in Matlab R2009 and texture characterization of both normal and abnormal tissues has been analysed separately. An extracted ROI sample belonged to either NP or HCC liver classes. Legendre moments-based approach was applied on the LBP image for each tissue type of CT liver images. The selected order 7 of Legendre moments was computed for each of the training samples belonging to both the classes. Sixty-four moment features were extracted which comprise the full feature set. The relevant moment feature vectors were selected using sequential forward selection algorithm. Twenty-eight moment feature vectors were selected using SFS algorithm, which forms the reduced feature set. The mean feature vectors of the normal parenchyma and HCC liver classes were denoted as FV NP and FV HCC respectively. The selected feature vectors of order 7 of Legendre moments are:
and L 77 ( Table 2 ). The nearest mean classifier was used to classify these samples. The training and testing ROIs of different patients were analysed. Table 3 provides a summary of the results. Table 4 shows the classification accuracy of texture features of CT liver using Legendre moments, while Figure 5 shows the performance analysis. It can be seen that the classification rate is high using LBP-Legendre moments reduced feature set. It is better than the result reported in Table 5 , where a comparative analysis of various texture analyses and classification of CT liver images is shown. The present study showed that Legendre moments have better image representation capability than the traditional continuous moments. So these moments are useful feature descriptors for pattern recognition and classification. The development of a liver tissue classification system has been presented to discriminate two hepatic tissue types from arterial phase of CT abdomen images. A classification performance of 96.17% is obtained using the proposed method. The results revealed that combined features of LBP and Legendre moments reduced feature set and yielded a better classification rate.
